A new branch of Hough Transform algorithms, called probabilistic Hough Transforms, has been actively developed in recent years. One of the rst was a new and e cient probabilistic version of the Hough Transform for curve detection, the Randomized Hough Transform (RHT). The RHT picks n pixels from an edge image by random sampling to solve n parameters of a curve and then accumulates only one cell in a parameter space. In this paper, a novel extension of the RHT, called the Connective Randomized Hough Transform (CRHT), is suggested to improve the RHT for complex and noisy pictures. Tests with synthetic and real-world images verify the high speed and low memory usage of the CRHT, as compared both to the Standard Hough Transform and the basic RHT.
Introduction
The Hough Transform (HT) is a popular method to extract global curve segments from an image 2, 10] . The main bottlenecks of the HT are its computational complexity and storage requirements. In recent years, the development to alleviate these problems has been rapid in the area. A new kind of approach is the set of methods, in this paper called probabilistic Hough Transforms, reported, for example, in 13, 14, 3, 15, 1, 12, 8, 9, 16] . Most of them utilize random sampling of the edge points of an input image. New non-probabilistic approaches have also been suggested. For more details, see e.g. 10] . Comparisons of some of these methods are presented in 6, 7] .
Xu, Oja, and Kultanen introduced the Randomized Hough Transform (RHT) 13]. The mechanisms of the random sampling of points and many-to-one mapping from the image space to the parameter space was for the rst time proposed in this method. Related work has been done by Kiryati et al. 3, 15 ], Bergen and Shvaytser 1], Roth and Levine 12] , and Leavers et al. 8] . The RHT overcomes many problems associated with the Standard Hough Transform (SHT). The merits of the RHT have been analyzed in 13, 14] . However, the basic RHT has sometimes problems with complex and noisy images. In Section 2, a novel extension of the RHT, called the Connective Randomized Hough Transform (CRHT), is suggested to alleviate these problems. The extension applies the RHT to a local neighborhood of a randomly selected binary edge point. In the CRHT, the connectivity of points in the local neighborhood is also checked. See the background of the CRHT in 5]. Related work has been suggested by Liang 11] , Leavers 9] , and Yuen et al. 16 ]. The CRHT is tested with both synthetic and real-world pictures in Section 3 and compared to the SHT and the basic RHT. The properties of the tested methods are discussed in Section 4.
2 The Connective RHT (CRHT)
The Basics of the RHT Algorithm
The RHT method is based on the fact that a single parameter point can be determined uniquely with a pair, triple, or generally n-tuple of points from the original picture, depending on the complexity of the curves to be detected. For example, in the case of line detection each parameter space point can be expressed with two points from the original binary edge picture. Such point pairs (d i ; d j ) are picked randomly 1 , the parameter point (a; b) is solved from the curve equation, and the cell A(a; b) is accumulated in the accumulator space 2 . The RHT is run long enough to detect a global maximum in the accumulator space, i.e. the cell must reach a threshold t to be considered the maximum. The parameter space point (a; b) of the global maximum describes the parameters of the detected curve, which can then be removed from the image to start the algorithm again with the remaining pixels. The accumulator space can have the form of a dynamic structure like a tree, because now only one cell will be updated at a time. More details of the dynamic structure and some other possibilities were given in 14]. In 13] the advantages of the RHT were stated: high parameter resolution, in nite scope of the parameter space, small storage requirements,and high speed.
The CRHT Algorithm
The CRHT uses random sampling and many-to-one mapping. It utilizes more local information than the original RHT, but since it has random elements the drawbacks of window sampling may be avoided and the merits of window sampling obtained. For simplicity, the algorithm is given here for the case of line segment detection (i.e. the number of parameters n is 2), but it has a direct extension to other curves, too.
In the CRHT a w w window is rst randomly picked with center one of the edge pixels. Second, the CRHT introduces a connective component search of the windowed points. Now, only those points of the window are used that are connected to the center point of the window with an 8-path. Third, the CRHT ts a curve with the connected points and de nes the curve parameters. The curve tting can be done for example by the least square method. Only the parameters satisfying a certain goodness of the tting are accepted to update the accumulator space. The CRHT process is continued until the maximum score in the accumulator is equal to the threshold t. This approach, like the basic RHT, determines line segments curve by curve.
The connective component search can be performed as sectored, which means limiting the search direction to the original one and its two most similar directions. For example, in terms of compass directions, if the search is started with direction of north, allowed directions for a further search are north, northeast, and northwest. This is done to cut down connection paths that consist of loops or sharp bends. By these further suggestions, the di culties of the window line tting can be successfully avoided. Only in the special case of images in which the edges are not 8-connected, i.e. there are gaps between edge pixels, the connective component search does not improve performance. The kernel of the CRHT is as follows: 
Test Results
Methods were tested on both complex synthetic and complex real-world images 3 . The algorithms chosen for the tests are as follows: the Standard Hough Transform (SHT), the RHT with the point distance criterion (RHT D), the RHT without the point distance criterion (RHT ND), and the Connective RHT (CRHT). Although a serious attempt was made to select the test parameters for each method as optimally as possible, the test results may vary according to both the selected parameters and test pictures.
Tests with Noisy Synthetic Images
It is important that methods are robust to noise in the image. In Fig. 1 an image containing seven lines, and two examples of the same image which have randomly added uniform noise, are illustrated. Noise levels mean the number of noise points compared to the number of line points. The test results are shown in Table 1 . The SHT could nd all lines, even in very noisy pictures, but computation time was high, as expected. The RHT ND worked nicely with lower noise levels but was extremely slow and unreliable with noisier images. Since the RHT D managed clearly better than the RHT ND, the use of the point distance criterion seemed to be essential when images were noisy. The CRHT was the best method since it could detect all lines, even with very noisy images, and at the same time had very low computing time. Thus, the CRHT was found to be robust to noise.
Tests with a Complex Synthetic Image
The second test picture contains 50 randomly generated synthetic lines like those in Fig.1 of seven lines. In this case, no noise points were added. Two tests were run: one to detect 50 realistic candidate lines and one to detect as many of those as possible. A realistic candidate line satis es line criteria, i.e. the minimum number of pixels, the maximum gap between pixels etc. For all the synthetic images, the real parameters of the lines were always known and it was checked after each test if the detected line parameters were among them. The maximum di erences between detected and real line parameters allowed were 5 pixels in and 0:025 radians Table 2 .
A reason for the high computation time of the RHT ND is, in fact, that two randomly selected points from an image of many lines are not very likely to belong to the same line segment. This will yield a large amount of useless accumulations. With simpler images this e ect is not so obvious, and in such a case RHT ND works. With complex images the point distance criterion is essential. The most accurate, but slow method was the SHT, while the CRHT was the fastest. In addition, the CRHT is one of the most accurate algorithms. Note that with the CRHT the threshold t can be one which means that no accumulator is needed.
Tests with a Complex Real-World Image
The third test picture and the corresponding binary edge picture are presented in Figs. 2.a and 2 .b. The lines to be detected are not ideal as in the synthetic image used in the previous tests.
Computation times and the numbers of detected lines are summarized in Ta- Fig. 2 . The SHT is slow, as expected, and the RHT ND becomes very slow when the number of lines is more than few dozens. The RHT D is drastically faster than the RHT ND, and, in addition, the output image looks good. The CRHT was the fastest method and curve detection was satisfactory. The RHT-like variants detected lines in more segments than the SHT.
Discussion and Comparisons
The SHT is the most accurate method but computation speed is very low. Moreover, it needs a large prede ned xed size storage in accumulation. The performance of the RHT ND depends greatly on the number of lines in the image and on the noise level. If either of those increases, the computation time will increase rapidly. If an image is simpler containing, for example, about 10 lines with low noise level, the RHT ND needs clearly less computation than the SHT 5] . The RHT D has a clear advantage over the RHT ND. Using the point distance criterion it successfully avoids the di culties of the RHT ND, which makes it faster and less storage consuming. The CRHT has low computation time and satisfactory accuracy. In practice the CRHT was in all tests the fastest method. The CRHT can be used with accumulator threshold equal to one, i.e. no accumulator is needed. In fact, raising the threshold does not lead to signi cantly better results. The CRHT clearly seems to exceed the power of the RHT D and thus is a very promising approach to further analysis. Especially, the CRHT was found suitable to complex images and to be very robust to noise.
The CRHT algorithm can be developed further. Instead of a constant threshold, a variable threshold can be used like in motion detection using the RHT 4] . By the variable threshold the random sampling can be stopped automatically without a prede ned maximum value t in the accumulator. Moreover, the CRHT can be extended to detect other curvers than line segments. Besides noisy edge images noisy gray-level images can be used to test edge distortion invariance of algorithms.
